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Exploring complex social contagion, especially the social reinforcement dynamics when exposing to multiple sources,
is of vital importance for understanding the spread of complicated collective behaviors nowadays. While previous
works exclusively focus on single-layer networks, the detailed impacts of multilayer reinforcement which characterizes
the promoting effects among multiple social circles remain largely unknown. To this end, we incorporate multilayer
reinforcement into ignorant-spreader-ignorant (SIS) model on multiplex networks. Our theoretical analysis combines
pairwise method and mean-field theory and agrees well with large-scale simulations. Surprisingly, we find this complex
social contagion mechanism triggers the emergence of bistability phenomena, where extinction and outbreak states
coexist. Further, we show that the final state of bistable regions depends on the initial density of adopters, the critical
value of which decreases as the contagion transmissibility or the multilayer reinforcement increases. In particular,
we highlight two possible conditions for the outbreak of social contagion: to possess large contagion transmissibility,
or to possess large initial density of adopters with strong multilayer reinforcement. Our results show the powerful
and non-negligible impacts of complex dynamical mechanisms, which provides valuable insights toward the spreading
behaviors in the digital age.
Recent studies show that many behavioral spreading
phenomena cannot be characterized by simple contact-
contagionmodels, especially those are risky and polarized,
such as the spread of public health behaviors, the diffusion
of rumors and the establishment of social norms. Instead,
complex social contagion models that take into consider-
ation the high-order interactions, particularly the social
reinforcement impacts regarding to multiple exposures, is
greatly needed to reveal the real dynamics on social net-
works. With the rapid development of online social me-
dias, the spreading dynamics has become even more com-
plicated considering the wide existence of multiple expo-
sures to different social circles. While great efforts have
been made on studying complex social contagion within
single-layer networks, the multilayer reinforcement effect
that engineers complex social contagion among multilayer
networks is ignored. Here we propose a novel theoreti-
cal framework that incorporates multilayer reinforcement
into ignorant-spreader-ignorant (SIS) model on multiplex
networks. We find this basic yet powerful complex con-
tagion mechanism induces the emergence of bistability
where extinction and outbreak states coexist, and the final
state in bistable region depends on the initial density of
norm adopters. Further explorations show detailed condi-
tions of phase transition as well as the determining factors
of critical values for the initial condition. Our theoret-
ical predictions are confirmed by large-scale simulations
and our results are valid on both homogenous and hetero-
geneous multiplex networks. The modeling insights also
provide direct solutions on promoting diffusion process via
controlling initial spreaders.
a)tangshaoting@buaa.edu.cn
I. INTRODUCTION
Social contagion describes a variety of behavioral imita-
tions caused by social influence and is particularly ubiquitous
in the digital age1–4. In order to predict and control the col-
lective contagion phenomena on large-scale social networks,
such as the spread of rumors, social norms and online behav-
iors, scientists have made great efforts on understanding the
underlying dynamical mechanisms5–9. Early studies argued
that the dynamical processes of social contagion are similar to
disease spreading in the sense that a simple contact with a sin-
gle infected individual can trigger diffusion10,11. Therefore,
many epidemic-like models are proposed, which are called
simple contagion models. These models provide profound
insights into many physical phenomena on social networks,
such as the cascading information diffusion process, the co-
contagion dynamics on multiplex networks, and etc12–14.
However, simple contagion model can not deal with the
spread of more complex social phenomenon, especially when
the behaviors are risky, costly or polarized, ranging from the
spread of public health behaviors (e.g., vaccine, vaping, diet)
to social movement15–18. For instance, a well-known complex
mechanism of social contagion is called social reinforcement,
which represents the fact that exposure to multiple sources
would give individuals more confidence to participate than
multiple exposures to the same source19,20. Nevertheless, this
empirically confirmed phenomenon is indistinguishable in the
view of simple contagion model21–23. Hence, more complex
mechanisms are further incorporated into dynamical models,
i.e., the complex contagionmodels, which lead to abundant in-
triguing phenomena, some of which even conflict with those
simple contagion conclusions24–26. For example, threshold
models assumed that social contagion only happens when the
number (or fraction) of exposures to multiple sources exceeds
a given threshold and suggested the dependence of diffusion
2results on initial density of adopters27. In addition, Centola
et al. proved that the clustering network structure suppressed
simple contagion while surprisingly facilitated the spread of
behaviors that require social reinforcement28. Another frame-
work modified epidemic-like models by increasing transmis-
sion rate when exposing to multiple sources29,30. In particu-
lar, Iacopini et al. modeled social reinforcement from group
discussions as higher-order interaction and showed the emer-
gence of bistable region, where healthy and endemic states
co-exist31.
Recently, owing to the development of various social me-
dias, many social behaviors spread on multiple rather than a
single social circles, which are naturally modeled as multi-
layer networks32–35. Similar to social reinforcement in one-
layer network, there exists significant difference between ex-
posure to multiple social circles (multilayer reinforcement)
and multiple exposures to the same social circle (intra-layer
reinforcement)36. Specifically, individuals would be more
convinced and have higher possibility for diffusion when re-
ceiving the same informative stimulus from different social
circles. However, previous studies mainly concentrated on
simple interactions between nodes and its replicas in different
layers37–39. The detailed impacts of multilayer reinforcement
mechanism that engineers complex social contagion remain
largely unknown.
To fill this gap, here we propose a theoretical frame-
work that incorporatesmultilayer reinforcement into ignorant-
spreader-ignorant (SIS) model to study the spreading dynam-
ics on multiplex networks. We find this complex social con-
tagion mechanism not only expands dissemination, but also
results in the emergence of bistable region, within which ex-
tinction and outbreak states coexist, depending on the initial
density of adopters. Further, we show that the threshold of ini-
tial adopter density decreases as the contagion transmissibility
or the multilayer reinforcement increases. Through observing
phase diagrams, we highlight two conditions for the outbreak
of social contagion: (i) to possess large transmissibility; (ii)
to possess large initial density of adopters with strong multi-
layer reinforcement. As the second condition cannot be ob-
tained by simple contagion model and is less intuitive, our
results stress the unneglectable role of complex social conta-
gion and are in line with the previous experimental studies that
critical masses are required for establishing collective behav-
iors such as social changes40. In addition, similar phenomena
are also observed on finite-size heterogeneous multiplex net-
works. Our findings provide valuable insights toward dynam-
ical evolutions of complex social contagion on multiplex net-
works, which is of vital importance for understanding collec-
tive online behaviors in the era of social media. The emerging
bistable phenomenon in our model also paves ways for a wide
range of applications, such as controlling rumors, promoting
innovations and designing effective marketing strategies41–43.
II. MODEL
Consider an undirected multiplex network with two layers,
denoted as layer 1 and layer 2. Each layer stands for a social
circle, which is an online social platform or only includes one
type of relationship such as friends, family and coworkers.
Both layers have the same nodes and interlayer edges only
connect entities with their replicas, as shown in Fig. 1(a).
Here we stress that our main purpose is to explore the in-
fluence of complex social contagion aroused by multiple so-
cial circles, i.e., multilayer reinforcement mechanism. There-
fore, we adopt ignorant-spreader-ignorant (SIS) model rather
than complex contagion model to characterize the intralayer
spreading process, which provides better analytical insights
while at expense of being less realistic. In this situation,
spreader (S) represents individuals who adopt norms (infor-
mation, cognition, attitudes, behaviors and so on) and are will-
ing to spread, while ignorant (I) stands for nodes who do not
adopt norms or have no motivation to spread, corresponding
to infected and susceptible state in epidemiology, respectively.
In each layer k(k = 1,2), spreader has a probability λk to
spread norms to its ignorant neighbors and becomes ignorant
with probability µk, as shown in Fig. 1(b).
Beyond intralayer contagion processes, norms also diffuse
across layers, i.e., the interactions between layers. First,
complying with previous studies, we utilize interlayer conta-
gion processes that ignorant has a probability p to become a
spreader once its counterpart is in S state, which depicts the
interaction between agents and their replicas, as shown in Fig.
1(c)44. Then, we introduce multilayer reinforcement mecha-
nism to mimic the fact that exposure to multiple social circles
is more convincing than multiple exposures to a single social
circle. At each time step, if an individual can receive norms
from both social circles, i.e. he/she has at least one spreader
neighbor in each layer, then with probability γ the individual
would randomly choose one layer to spread the norms (Fig.
1(d)). The parameter γ reflects the strength of multilayer rein-
forcement.
In summary, our model is composed of three processes: in-
tralayer contagion, interlayer contagion and multilayer rein-
forcement, which is as follows:
1. Intralayer contagion. At each time step, in layer k, S
makes its neighbors in I state become S with probability
λk. Meanwhile, S turns into I with probability µk.
2. Interlayer contagion. At each time step, I becomes S
with probability p if its replica is a spreader.
3. Multilayer reinforcement. At each time step, a node
has a probability γ to randomly choose a layer and be-
come a spreader if there exists at least one spreader in
its neighborhood of both layer.
III. THEORETICAL FRAMEWORK
In this section, we explore dynamical equations of our
model on homogeneous multiplex systems, composed of two
Erdös-Rényi (ER) networks with average degree 〈k1〉 and
〈k2〉. The major challenge is the dynamical correlation be-
tween two layers caused by interlayer contagion and multi-
layer reinforcement. To overcome the difficulty, we conduct
3FIG. 1. Schematic of modeling framework. (a) Network structure.
The underlying network is composed of two layers with the same
nodes, where interlayer edges only connect entities and their repli-
cas. Node’s state is represented by different colors: spreader (red),
ignorant (black). The dynamical processes include (b) intralayer
contagion, (c) interlayer contagion and (d) multilayer reinforcement,
where propagation path is highlighted by red links.
theoretical analysis by combining pairwise method and mean-
field theory.
Here, we define ρX ,Y (t) as the probability that the indi-
vidual is X state in layer 1 and Y state in layer 2. Clearly,
each individual has four possible states and we have ρS,S(t)+
ρS,I(t)+ρI,S(t)+ρI,I(t) = 1. To begin, we explore intralayer
contagion process. Let θk(t) represent the probability that a
node in layer k is not convinced by its neighbors of the same
layer. Utilizing the mean-field theory, θk(t) can be approxi-
mated by
θ1(t) = (1−λ1(ρS,S(t)+ρS,I(t)))
〈k1〉
θ2(t) = (1−λ2(ρS,S(t)+ρI,S(t)))
〈k2〉.
(1)
Then, we examine the influence of multilayer reinforce-
ment. Denote δk(t) as the probability that the multilayer rein-
forcement does not make ignorant turn into a spreader in layer
k. We have δ1(t) = δ2(t) = δ (t), which can be approximated
by
δ (t) = 1− 0.5∗ γ
∗ (1− (1−ρS,S(t)−ρS,I(t))
〈k1〉)
∗ (1− (1−ρS,S(t)−ρI,S(t))
〈k2〉),
(2)
where (1− (1−ρS,S(t)−ρS,I(t))
〈k1〉) and (1− (1−ρS,S(t)−
ρI,S(t))
〈k2〉) account for the probabilities that there exists at
least one spreader neighbor in layer 1 and in layer 2, respec-
tively.
Furthermore, let gIk(t) and g
S
k(t) represent the probabilities
that ignorant in layer k is not convinced if its counterpart is
in ignorant and spreader state, respectively. The probabilities
describe the integrated influence of intralayer contagion, in-
terlayer contagion and multilayer reinforcement. Because the
three processes are approximately independent in our model,
the probabilities read
gIk(t) = θk(t)∗ δ (t)
gSk(t) = θk(t)∗ δ (t)∗ (1− p).
(3)
Finally, the temporal evolutionary equations of ρS,S(t) can
be written as
dρS,S
dt
=−ρS,S{1− (1− µ1)(1− µ2)}
+ρS,I(1− µ1)(1− g
S
2)
+ρI,S(1− µ2)(1− g
S
1)
+ρI,I(1− g
I
1)(1− g
I
2),
(4)
where the first term represents the outflow from the S−S class
and the last three terms stand for transition from the other
states to S− S state. Similarly, we can derive the dynamical
evolutions of ρS,I(t), ρI,S(t) and ρI,I(t). For the sake of theo-
retical analysis and readability, ρI,I(t) is automatically substi-
tuted for (1−ρS,S(t)−ρS,I(t)−ρI,S(t)). Thus, the evolution-
ary equations of our model read as follows:
dρS,S
dt
=−ρS,S{1− (1− µ1)(1− µ2)}
+ρS,I(1− µ1)(1− g
S
2)
+ρI,S(1− µ2)(1− g
S
1)
+ (1−ρS,S−ρS,I −ρI,S)(1− g
I
1)(1− g
I
2)
dρS,I
dt
= ρS,S(1− µ1)µ2
−ρS,I{1− (1− µ1)g
S
2}
+ρI,S(1− g
S
1)µ2
+(1−ρS,S−ρS,I −ρI,S)(1− g
I
1)g
I
2
dρI,S
dt
= ρS,S(1− µ2)µ1
+ρS,I(1− g
S
2)µ1
−ρI,S{1− (1− µ2)g
S
1}
+(1−ρS,S−ρS,I −ρI,S)g
I
1(1− g
I
2).
(5)
Eqs. (5) can be simply written as
dρ
dt
= f(ρ), (6)
where ρ(t) = (ρS,S(t),ρS,I(t),ρI,S(t)). This indicates that the
dynamical system is 3-dimension autonomous. Thus, the sta-
bility of the fixed points directly determines evolutionary re-
sults of the system. We define ρ f as the fixed point of Eqs.
(5), which satisfies
f(ρ f ) = 0. (7)
In particular, ρ f represents the final state of the system if and
only if the fixed point is stable, i.e.,
Λmax(
df
dρ
|ρ=ρ f )< 0, (8)
4FIG. 2. Emergence of bistable phenomena. Prevalence curves are
shown against (a)-(b) intralayer transmissibility and (c)-(d) interlayer
transmissibility for different values of multilayer reinforcement and
initial density of adopters. In each figure, γ = 0 (red), γ = 0.1 (yel-
low), γ = 0.3 (blue) and ρ0 = 0.03 (square), ρ0 = 0.2 (diamond).
Theoretical predictions solved by Eqs. (5) are shown by solid lines.
Note that for γ = 0.3 in (a) and γ = 0.1 or γ = 0.3 in (c), there
emerges bistable region where outbreak and extinction states co-
exist. Parameters: µ1 = 0.6, µ2 = 0.6. In addition, (a) λ2 = 0.02,
p = 0.1, (b) λ2 = 0.1, p = 0.1, (c) λ1 = 0.06, λ2 = 0.04, and (d)
λ1 = 0.14, λ2 = 0.06. Simulation results are averaged over 30 inde-
pendent runs.
where Λmax(J) is the largest eigenvalue of matrix J.
We notice that there is at least one fixed point (ρ f = 0),
which represents that all individuals are in I − I state. When
the initial density of spreaders is small, norms go extinct if
and only if ρ f = 0 is stable, i.e.,
Λmax(
df
dρ
|ρ=0)< 0. (9)
IV. RESULTS
A. Complex social contagion on homogeneous multiplex
networks
In this section, we explore how our model behaves on ho-
mogeneous multiplex networks, especially the influence of
multilayer reinforcement on the prevalence of norms and the
critical properties that separates outbreak and extinction. We
start from homogeneousmultiplex networks composed of two
Erdös-Rényi (ER) graphs with N = 10000 nodes, the aver-
age degree of which are 〈k1〉 = 6 and 〈k2〉 = 8, respectively.
Initially, we randomly set a certain fraction of population as
adopters, denoted by ρ0, who are spreaders in both layers
45.
Then, the stable state of the dynamical system is approximated
by 300-step simulations.
FIG. 3. Effect of initial density of adopters. (a)-(d) Time evolu-
tions for the prevalence are presented under different combinations of
transmission parameters. In each figure, a single curve corresponds
to one value of different initial densities of adopters. (b) We find that
when γ is relatively large, the initial condition determines the final
state of bistable region, either outbreak or extinction. Parameters:
µ1 = 0.6, µ2 = 0.6, p = 0.1. In addition, (a) λ1 = 0.05, λ2 = 0.02,
γ = 0.1, (b) λ1 = 0.05, λ2 = 0.02, γ = 0.3, (c) λ1 = 0.2, λ2 = 0.02,
γ = 0.1, and (d) λ1 = 0.05, λ2 = 0.1, γ = 0.1.
To begin with, we show prevalence curves as a function
of intralayer transmissibility (Fig. 2(a) and Fig. 2(b)) and
interlayer transmissibility (Fig. 2(c) and Fig. 2(d)) for dif-
ferent combinations of multilayer reinforcement and initial
density of adopters. All subfigures verify the intuition that
multilayer reinforcement promotes social contagion and show
that our theoretical predictions agree well with simulation
results. The case γ = 0 (the red curves) is equivalent to
SIS model on multiplex networks , which displays continu-
ous phase transition37. Nevertheless, the case γ = 0.3 (the
blue curves) shows large differences in dependence of preva-
lence on intralayer transmissibility (Fig. 2(a)) and interlayer
transmissibility(Fig. 2(c)). Phase transition appears at lower
value of λ1 or p, and becomes discontinuous. Another in-
triguing phenomenon is the emergence of bistable region,
where outbreak and extinction states coexist. Specifically, for
λ1 ∈ (0.03,0.08) in Fig. 2(a) and p ∈ (0,0.12) in Fig. 2(c),
norms outbreak if ρ0 = 0.2, while go extinct if ρ0 = 0.03. It
indicates that the final state in bistable region might depends
on the initial density of adopters.
To give a more intuitive illustration about how initial den-
sity of adopters affects the final state, in Fig. 3, we further
present time evolutions of prevalence for four different com-
binations of transmission parameters. In each subfigure, a
single realization indicates temporal evolutions under a cer-
tain value of initial conditions (ρ0), which ranges from 0 to 1
and is represented by different colors. The initial conditions
show no influence on the prevalence of norms when γ is small
(γ = 0.1): either go extinct (Fig. 3(a)) or outbreak (Fig. 3(c)
and Fig. 3(d)) no matter what ρ0 is. However, figure 3(b)
shows completely different phenomena when γ is relatively
large (γ = 0.3). There appears a threshold of initial density
5FIG. 4. Conditions of phase transition for bistability. We provide
phase diagrams (a) for the joint effects of multilayer reinforcement
and intralayer transmissibility and (b) for the joint effects of multi-
layer reinforcement and interlayer transmissibility. In each subfigure,
the phase plane is composed of three regions: outbreak (region 1),
bistable where outbreak and extinction states coexist (region 2), ex-
tinction (region 3). The separatrixes L1 and L2 represent the critical
parameters when ρ0 is small and when ρ0 = 1, and are numerically
solved by Eq. (9) and Eqs. (5). Parameters: (a) λ2 = 0.02, µ1 = 0.6,
µ2 = 0.6, p = 0.1 and (b) λ1 = 0.06, λ2 = 0.04, µ1 = 0.6, µ2 = 0.6.
of adopters (ρ0 = 0.09), below which the prevalence vanishes,
while abovewhich the prevalence converges to about 0.3. This
indicates that initial density of adopters plays a main role in
determining the final state of bistable region. This insight is
consistent with empirical studies that critical masses are nec-
essary for initiating social changes, and can not be observed
in a simple contagion model on multiplex networks40,46–48.
Note that the emergence of bistable region is a new physical
phenomenon arising from multilayer reinforcement. Here, we
further explore the detailed conditions of phase transition for
bistability. In Fig. 4, we present phase diagram under differ-
ent combinations of multilayer reinforcement and intralayer
transmissibility (Fig. 4(a)) or combinations of multilayer re-
inforcement and interlayer transmissibility. (Fig. 4(b)). In
all subfigures, The phase plane is divided into three regions
by two separatrixes (L1 and L2): outbreak, bistable, extinc-
tion. The outbreak state means that the prevalence is positive
as long as ρ0 > 0, and the extinction state represents that the
prevalence vanishes no matter what ρ0 is. The bistable state
means that norms outbreak for large ρ0 while go extinct for
small ρ0. Thus, the two separatrixes L1 and L2 are critical
parameters under very small ρ0 and ρ0 = 1, which can be nu-
merically solved by Eq. (9) and Eqs. (5), respectively. We
find that the solution of Eq. (9) is uncorrelated with multi-
layer reinforcement (γ) which is directly reflected by the par-
allel relationship between L1 and y-axis. Meanwhile, L2 is
determined by the joint effects of intralayer transmissibility,
interlayer transmissibility and multilayer reinforcement. To
sum up, region 1 and region 2 highlight two opportunities for
outbreak, which are: (i) to own large transmissibilities and (ii)
to own large initial density of adopters with strong multilayer
reinforcement. These conclusions can be directly applied to
many scenarios such as promoting marketing, designing in-
terventions for rumor spreading and establishing new social
norms40–42.
The bistability phenomenon provides a profound insight
FIG. 5. Critical density of initial adopters (ρc) which separates the
bistable region into outbreak and extinction. The boxplots present ρc
as a function of (a) intralayer transmissibility, (b) interlayer transmis-
sibility and (c) multilayer reinforcement. Each box contains 30 inde-
pendent runs. Theoretical predictions are numerically solved by Eqs.
(5) and are represented by yellow triangles. Parameters: µ1 = 0.6,
µ2 = 0.6. In addition, (a) λ2 = 0.02, p = 0.1, γ = 0.4, (b) λ1 = 0.06,
λ2 = 0.04, γ = 0.3, (c) λ1 = 0.06, λ2 = 0.04, p = 0.1.
that large initial density of adopters could trigger the out-
break even at low values of transmissibility. Here, we further
explore the thresholds of initial conditions (ρc) under differ-
ent circumstances, which describe at least how many initial
adopters are required for the outbreak of norms in bistable re-
gion. In Fig. 5(a)-(c), we use boxplot to present critical value
ρc as a function of intralayer transmissibility (λ1), interlayer
transmissibility (p) and multilayer reinforcement (γ), respec-
tively. Each box contains 30 independent simulations. We
find that the differences among all simulation results in each
box are within 0.02, which implies the stability of ρc. Be-
sides, the critical density of initial adopters (ρc) decreases as
intralayer transmissibility, interlayer transmissibility or multi-
layer reinforcement increases. Also, our theoretical solutions
well predict simulation results. In particular, we notice that all
critical values are small (lower than 0.12), which indicates that
manipulating initial condition is a powerful and effective way
to control social contagions under the existence of multilayer
reinforcement.
6FIG. 6. Complex social contagion on heterogeneous multiplex net-
works. The prevalence is presented as a function of intralayer trans-
missibility for different combinations of multilayer reinforcement
and initial density of adopters on (a) SF-SF multiplex networks, ex-
ponent parameters of which are α1 = 2.7 and α2 = 2.9, and (b)
WS-WS multiplex networks with rewiring probability equal to 0.01.
Parameters: λ2 = 0.02, µ1 = 0.6, µ2 = 0.6, p = 0.1. In addition,
γ = 0 (red), γ = 0.1 (yellow), γ = 0.3 (blue) and ρ0 = 0.01 (square),
ρ0 = 0.3 (diamond). Simulation results are averaged over 30 inde-
pendent runs.
B. Complex social contagion on heterogeneous multiplex
networks
Real-world networks often have power-law degree distribu-
tion, i.e, pk ∼ k
−α , or small-world characteristics49,50. Stud-
ies have revealed that the network structures play an important
role in dynamical evolutions51. Thus, to mimic real situations,
in this section, we examine how our model behaves on mul-
tiplex systems composed of two scale-free (SF) networks or
two Watts-Strogatz small-world (WS) networks, respectively.
All networks have 10000 nodes. The rewiring probability of
the two WS networks are both 0.01 and the exponent parame-
ters of the two SF networks are α1 = 2.7 and α2 = 2.9.
Figure 6 presents the prevalence as a function of intralayer
transmissibility for different values of multilayer reinforce-
ment and initial density of adopters in SF-SF multiplex net-
works (Fig. 6(a)) andWS-WS multiplex networks (Fig. 6(b)).
Results show the similar phenomena with ER-ER multiplex
networks, including promoting effect of multilayer reinforce-
ment and the emergence of bistability when γ is relatively
large (γ = 0.3).
V. CONCLUSIONS AND DISCUSSIONS
Complex social contagion describes complicated behav-
ioral evolutions that cannot be characterized by simple
contact-contagion models, such as public opinion formation
on controversial events, the spread of conspiracies and the
establishment of new social norms52,53. These risky or po-
larized collective behaviors are ubiquitous on various social
networks and are largely determined by the high-order inter-
actions regarding to the enhancement effects of multiple ex-
posures, i.e., the social reinforcement54. However, it remains
unclear how multilayer reinforcement which mimics complex
contagion process amongmultiple social circles influences the
final diffusion results.
In this paper, we propose a modified SIS model which in-
corporates multilayer reinforcement to describe spreading dy-
namics on multiplex networks. Firstly, we examine how our
model behaves on homogeneous multiplex networks. In par-
ticular, we stress our efforts on the detailed impact of multi-
layer reinforcement. A theoretical framework combining pair-
wise method and mean-field theory is proposed and is veri-
fied by large-scale simulations. Interestingly, we find that the
multilayer reinforcement induces the emergence of bistability,
where extinction and outbreak states coexist. Furthermore, we
show that the final state of bistable region is determined by
the initial density of adopters whose threshold decreases as
intralayer transmissibility, interlayer transmissibility or mul-
tilayer reinforcement increases. The detailed conditions of
phase transition for bistability are further derived analytically
and are shown in phase diagrams. Results highlight that the
chance for the outbreak of social contagion is either to possess
large contagion transmissibility or to own large initial density
of adopters with strong multilayer reinforcement. Our results
are also valid on finite-size heterogeneousmultiplex networks.
Our basic yet powerful multilayer reinforcement mecha-
nism reveals the dramatic promoting impacts of complex so-
cial contagion onmultiplex networks, which indicates the pos-
sibility of facilitating spread outbreaks via controlling initial
spreaders. These insights are in line with the empirical studies
that only large initial density of adopters can successfully ini-
tiate social changes40. Our work not only provides a novel an-
alytical framework, but also pave ways in many real-world ap-
plications, including spreading public health behaviors, pro-
moting new ideas and marketing.
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